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In recent years, increasing attention is being drawn to the analysis of scientific career 
path using the indicators of academic career in career studies (Paneros–Malesios 
2009). The aim of this study was to determine the patterns of academic career paths 
using multivariate bibliometric analysis. In opinion of Chakraborty et al. (2014) the 
success of scientific career depends on two factors: the identification of the research 
area and right research topic. However, one of the greatest strengths and difficulties 
of the career field is its diversity (Rhaiem 2017). This diversity allows for wide cov-
erage of relevant career dynamics across the scientific career trajectories and across 
levels of analysis. Bibliometric methods play an increasing role in scientific career 
path analysis and its evaluation (Persson 2017). There are well-known methods to 
measure academic productivity, or to model the impact of co-author network on 
research performance, but an integrative approach is still missing to characterise the 
multiple aspects of scientific career (Wildegaard et al. 2014). 
It is generally accepted, that for better understanding of characteristic fea-
tures of academic career, the application of multivariable methods is essential 
(Bommann et al. 2008). This approach is significant for evaluation of performance 
regarding both teams and individual researchers Bordons et al. (2003), Verbere 
(2015), Bornmann and Williams (2017) and further development of scientific policy. 
At the same time, we do not have any statistically proven methodology, which 
would be suitable for follow-up and reflexion of academic performance in the life-
span of the researcher, even though this would be important for the evaluation, 
strategic planning, and –in a larger perspective, paired with milestones of researchers 
during their careers- for forecasting the consequences of policy measures (Bayer–
Smart 1991; Besselar and Sandström 2016). The novelty of our paper is an attempt 
to work out of a complex indicator system, that combines the aspect of academic 
career that can be captured via purely bibliometric methods. 
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Our source database has been the Hungarian National Scientific Bibliography 
(MTMT, www.mtmt.hu), a national collection of Hungarian academic publications, 
similar to other national scientific bibliographic databases (e.g. NL: NARCIS, SL: 
SICRIS; NO: CRISTIN). The principles of this system are regulated by Hungarian 
Law on Academy of Sciences (Hungarian Parliament 2015), the application of this 
system is mandatory for a rather wide circle of Hungarian researchers in the public 
sphere. Due to the fact that this bibliometric data collection platform is relatively new, 
young researchers are over-represented. In order to avoid the distortion of our sam-
ple, we have excluded the authors, who have less than three articles or whose aca-
demic career (time span from first to last publication is less than three years). We have 
matched the publication records retreived from the MTMT database with Web of 
Science data, and used the WoS-indexed fraction to conduct the actual analysis (which 
is a limitation of this pilot study). Based on these data different indicators have been 
calculated for each author. The indicators have been previously studied separately in 
different aspects and ways (e.g. Matia et al., 2005; Ding et al., 2011) but if we would 
like to evaluate the indicators of academic career path, we need to analyse not just 
these factors, on a one-by-one base, but we need to take into account the combination 
of all of these indicators and influencing conditions. Based on this, some typical career 
path could be constructed. The system of these indicators is summarised in Table 1. 
 
Table 1: System of main scientometric indicators, applied in the study 
Indicator Method of calculation Acronym 
The average number of 
annual publications 
Number of publications 
Number of years from first publication 
PPY 
Evenness  
of distribution  
of publications 
Evenness (normalised value of the Shannon 
entropy index) of publication activity throughout 
the career path 
PDist 
Diversity of academic 
publication channels 
Distribution of publications among journals 
(Evenness of the distribution of ISSN  
numbers in the publication record) 
SO.dist 
Diversity of subject 
areas 
Distribution of publications among subject 
categories (Evenness of the distribution of 
WoS SCs in the publication record) 
SC.dist 
Change of  
publication quality 
Change of journal rank throughout the publi-
cation record (via the difference in averege JIF 
percentile rank between the first and last 
years, using a 3-year moving average) 
perc.change 
Change of  
internationalisation 
% point change in the share of internationally 
co-authored papers in the publication record 
(first, last years, 3-year moving average) 
Int.share.change 
Change in number of 
collaborators 
% point change in the number of coauthors 
(first, last years, 3-year moving average) 
au.level.change 





Firstly, we have applied the simple descriptive statistics for the characterisation of 
the sample and the indicators. Analysing Table 2, it can be seen, that there are con-
siderable differences in the sample, e.g. the standard deviation is extremely high in a 
number of cases. The distribution of indicators in most cases could be approxi-
mated by lognormal function. 
 
Table 2: The basic statistical parameters of variables 
Indicators Mean Std. Deviation 
PPY 1.51 1.88 
PDist 0.94 0.04 
SO.dist 0.92 0.08 
SC.dist 0.83 0.20 
perc.change 0.00 0.06 
au.level.change 0.02 0.07 
Int.share.change 0.05 0.23 
 
The clustering of authors on base of the scientometric indicators did not yield any reli-
able results, because the silhouette measure of cohesion and separation has been too low 
to separate the different cluster of individual actors. That’s why we have applied a two-
step method: first we determined the factor structure of variables, then carried over the 
clustering based on this. The principal component analysis has yielded four factors, 
explaining nearly two thirds of the total variance (Bartlett sphericity index has been sig-
nificant). According to the principal component analysis, the first component is domi-
nated by the average number of annual publications variable. The Shanon enthropy 
index has a significant negative value in this variable. This factor is suitable for charac-
terisation of the productivity and the level of international imbedness of the researcher. 
In second factor the highest component loads have the diversity of academic publication 
channels and the diversity of subject areas. That’s why this factor offers information on 
diversity of publication channels used by the author. In third factor the two dominant 
variables are the change in number of collaborators and the change of internationalisa-
tion. As a summary it can be stated, that this component is suitable for the description 
of dynamic character of the academic career. Using these main career components, the 
second step consisted of the clustering of authors, in order to arrive at a typology of 
career paths. Based on the Akaike and Schwarz information criteria we have been able 
to separate four clusters. The characteristic features of different clusters are summarised 
in Table 3. 
The equivalence of variances between the different clusters of indicators has 
been proven. On base of the Bonferroni test numerous significant differences have been 
indicated. The first cluster (cluster A) could be characterised by a high level of academic 
productivity, expressed by average number of annual publications. These researchers 
apply relatively stable academic communication channels and they are engaged to their 
research topics. The change of publication quality shows a negative tendency, and the 
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change of intensity of international cooperation is relatively low. On base of characteris-
tic features, outlined above this cluster can be called as the cluster of productive, mature 
researchers. 
In case of second cluster (cluster B) the yearly academic productivity is the low-
est. The diversity of communication channels and the topics is high. The publication 
quality and the indicators of international cooperation intensity show declining tendency. 
This cluster reflects the activity of a researcher, who decreases his/her international 
network and search lower quality publication channels to publish the results of his/her 
research. Cluster C is the opposite of the former cluster: the productivity is relatively 
low, too, but there is a strong tendency of improvement of quality of publication chan-
nels and a rapidly increasing internationalisation. This cluster reflects the strategy of 
emerging young scientists. The cluster D is similar to cluster C but there the average 
level of change of collaborators is relatively low. This is the cluster of emerging re-
searchers, who have a stale domestic and international network of collaborators. 
 
Table 3: Average values (centers) of clusters 
Indicators Clusters Significant differences 
at 5% of significance 
 A B C D  
PPY 2.05 1.12 1.15 1.57 A-B; C; D; B-D; C-D 
PDist 0.92 0.94 0.94 0.94 A-B; C; D; B-C; C-D 
SO.dist 0.79 0.95 0.95 0.94 A-B; C; C-D 
SC.dist 0.49 0.89 0.88 0.87 A-B; C; B-D 
P.change 0.01 -0.04 0.05 0.02 A-B; C; B-C; D; C-D 
perc.change -0.00 -0.03 0.03 0.03 A-B; C; D; B-C; D; C-D 
au.level.change 0.02 -0.03 0.09 0.02 A-B; C; D; B-C; D; C-D 
Int.share.change 0.05 -0.15 0.27 0.03 A-B; C; B-C; D; C-D 
Number of cluster members 573 989 900 1737  
 
The different indicators of contingency (Chi square, Likelihood ratio, McNemar-Bowker 
test) show significant correspondence between fields of research and cluster member-
ship, but it should be noted, that in case of some fields of research (e.g. humanities, 
multidisciplinary sciences) the number of researchers have been relatively low (Table 4). 
 
Table 4: Distribution of researchers across clustres in different research fields (%) 
Research field A B C D 
Agricultural sciences 17.2 22.8 29.6 30.4 
Engineering and Technology 16.1 24.3 25.9 33.7 
Humanities 30 50 0 20 
Medical and Health Sciences 12.6 25.7 19.1 42.5 
Multidisciplinary 20 20 20 40 
Natural Sciences 12.8 20.9 23.1 43.2 
Social Sciences 17.8 20.8 19.8 41.6 




The most important differences are in structure of C and D cluster. Nearly 29.6% of 
agricultural researchers are in the C cluster, but the share of researchers in sphere of 





We have developed a complex system of bibliometric-based indicators, which could 
be established a typology for characterisation of career path. This indicator system is 
relatively easy to obtain and the classification of researchers, it is well interpretable and 
robust. There are considerable differences in distribution of clusters across different 
fields of sciences, more than 41% of researchers work in field of social sciences in 
cluster D. This shows, that in field of social sciences the level of international coopera-
tion is relatively low, as opposed to e.g. the agricultural sciences, where the share of 
researchers in this cluster is just 30%. Using bibliometric methods to analyse different 
career paths, this paper demonstrates the benefits of combining bibliometric methods 
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